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Common ragweed (Ambrosia artemisiifolia L.) and common waterhemp (Amaranthus 
rudis Sauer) are two problematic weeds for soybean producers in the United States. Both 
weeds have evolved resistance to many herbicides, including glyphosate. It is therefore 
essential to understand how these weeds in mixture impact soybean growth and yield and 
also how they deplete soil moisture in rainfed and irrigated cropping systems. The 
objectives of this research were to: (i) understand the influence of variable water supply 
on soybean yield loss in mixture with ragweed and waterhemp, (ii) quantify the influence 
of variable water supply on soybean growth in mixture with ragweed and waterhemp, and 
(iii) measure the effect of multispecies interference on soil water content. A field study 
was conducted over two years in order to model soybean growth and yield loss as 
influenced by common ragweed and common waterhemp density and irrigation level. 
Soybean yield loss and growth, and available soil water content were not affected by 
irrigation in 2016. Irrigation increased soybean weed-free yield, soybean weed-free LAI 
and total aboveground biomass, and soil water content in 2017. Relative leaf area at R1 
and R3 soybean growth stages were the best descriptors of soybean yield loss.  
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Chapter 1: Introduction and Objectives 
 
Introduction 
 
Weeds were and are still serious problems for farmers worldwide in their attempt 
to produce enough food to feed the world’s population (Holm et al. 1977; Zimdahl 2007). 
Weeds compete for limited resources such as light, nutrients and soil water (Kropff and 
Van Laar 1993). As a result, they decrease the availability of those resources to crops 
provoking stress. The direct consequence of stress induced by weeds is a reduction in 
crop potential growth and yield. In the United States, yield losses from weeds are greater 
for soybean and corn than for any other crop, and those two crops receive the highest 
quantities of herbicide (Swinton et al. 1994). Since its introduction in the US agriculture 
in the 1940s (Gianessi and Reigner 2007; Appleby 2005), chemical weed control has 
been a great opportunity for farmers to improve weed management in their fields. The 
introduction of herbicide tolerant crops has also been a crucial step for weed management 
programs because they have broadened the spectrum of weeds controlled with one single 
application of a non-selective herbicide. However, overuse of herbicides in modern 
agriculture has led to environmental concerns (Spalding et al. 2003), and the growing 
environmental awareness is calling for a reduction of the amount of herbicide applied 
into the environment (Swanton and Weise 1991). Additionally, overreliance on 
herbicides of the same mode of action and/or of the same chemical family has led to the 
evolution of herbicide resistant weed biotypes (Heap 2018). A more sustainable approach 
to weed control is required. Because none of the individual weed management strategies 
on its own can achieve effective control from a long-term perspective, an Integrated 
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Weed Management (IWM) program is necessary (Swanton and Weise 1991; Zimdahl 
2007). IWM has been defined as a combination of weed control methods, including 
cultural, genetic, mechanical, biological and chemical methods (Swanton and Weise 
1991). The development and implementation of any IWM program requires a deeper 
understanding of crop-weed interference (Swanton and Weise 1991; Lindquist and 
Knezevic 2001; Swanton et al. 2015). Crop-weed interference studies can be used to 
derive weed thresholds (Oliver 1988; Coble and Mortensen 1992) and bioeconomic 
models, which are helpful tools for farmers when making decisions about spraying 
herbicides. Crop-weed interference studies are also used to understand the mechanisms 
by which weeds deplete resources, how the stress caused by this resource depletion is 
quantified and how crops respond to resource depletion caused by weeds (Lindquist 
2001).   
 
Weed thresholds and decision support models. Coble and Mortensen (1992) defined at 
least four kinds of weed thresholds: damage threshold, economic threshold, threshold 
period, and action threshold. The damage threshold or biological threshold, derived from 
crop yield loss curves, has been defined as the density above which unacceptable crop 
yield losses occur (Oliver 1988). On the other hand, the economic threshold has been 
defined as the weed density at which the benefit from herbicide application equals the 
cost of control (Bauer and Mortensen 1992; Oliver 1988; Weaver 1991; Cowan et al. 
1998; Lindquist and Knezevic 2001). Applying a herbicide only after estimation of weed 
density helps eliminate unnecessary herbicide costs (Coble 1992; Swanton and Murphy 
1996; Cowan et al. 1998). Use of economic thresholds requires field scouting, 
information on application costs (labor, fuel, repairs, power, etc.), selection of an 
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appropriate POST emergence herbicide (with a known efficacy and cost) and crop price. 
Thresholds are very useful because they help farmers answer some basic questions about 
weed control (Swanton et al. 2015).  
 
Mechanisms of resource depletion by weeds, and crop reaction to resource depletion. 
The goal of any IWM program is to help crops outcompete weeds. Understanding the 
mechanisms of resource depletion by weeds and how crops react to that resource can help 
improve crop management in order to give a competitive advantage to the crop. First, crop-
weed interference studies can help understand direct and indirect competition for light. 
Plant growth and development are controlled by light quantity and quality (Holt 1995), 
both of which are significantly altered in dense canopies (Jones 1983; Holt 1995). Direct 
competition studies have been helpful at improving our understanding of light capture by 
competing species in mixtures (Kropff and Van Laar 1993; Lindquist et al. 1998; Lindquist 
and Mortensen 1999; Lindquist 2001). Solar radiation transmission through canopies has 
been reported to attenuate exponentially with the cumulative LAI counted from the top 
downwards. In mixtures, direct competition for light is determined by the fraction of 
photosynthetically active radiation absorbed by each species (Kropff and Van Laar 1993), 
which is a function of their respective LAI, leaf angle distribution, and vertical leaf area 
distribution. Direct competition for light is always instantaneous as light cannot be stored 
in the system and a photon of light not absorbed is lost (Kropff and Van Laar 1993). In 
addition to direct competition for light, interference studies have also provided some 
insight on how light quality in mixtures is modified and how species respond to that 
alteration by using shade avoidance (Horvath et al. 2015; Liu et al. 2009; Green-Tracewicz 
et al. 2011). Many plants are reported to show plasticity and adapt to altered light 
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conditions by modifying biomass allocation patterns, leaf anatomy, respiration rates, 
enzymatic activities, and electron transport capacity (Holt 1995). Several crops, including 
soybean, have been reported to show plasticity under interference conditions by altering 
new biomass allocation to various organ groups and also by reducing growth and yield 
(Gustafson et al. 2006). Crop-weed interference studies can also be used to improve our 
understanding of competing species’ reaction to limited soil water content and available 
soil water depletion under competitive environments. This is critical because water is one 
of the most important resources needed for crop growth (Kropff and Van Laar 1993) and 
the most common abiotic stress responsible for soybean yield loss is water deficit (Purcell 
and Specht 2004; Irmak et al. 2014). In the Great Plains region of the United States, crop 
production is affected by highly variable rainfall and, as a result, variable soil water content 
(Ruiz-Barradas and Nigam 2005). It has been well documented that plant transpiration is 
reduced when available soil water is insufficient to meet plant demand (Kropff 1993).  
 
Common ragweed (Ambrosia artemisiifoliia) and common waterhemp (Amaranthus 
rudis). Under field conditions, crops generally compete with both C3 and C4 weed 
species. For example, common ragweed (a C3 species) and common waterhemp (a C4 
species) are two problematic weeds for soybean and corn producers. Common ragweed 
induces substantial yield reduction when competing with soybean (Cowbrough et al. 
2003; Coble et al. 1981; Barnes et al. 2018). It has evolved resistance to many herbicides 
(Ganie and Jhala 2017; Van Wely et al. 2015; Pollard 2007, Brewer and Oliver 2009). 
Additionally, it produces a strongly allergenic pollen responsible for important public 
health problems (Rodgers et al. 2006). Likewise, common waterhemp (Amaranthus 
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rudis) induces considerable yield reductions (Hager et al. 2003; Steckel and Sprague 
2004; Cordes et al. 2004; Hager et al. 2002; Bensch et al. 2003; Duff et al. 2009; Steckel 
et al. 2003; Steckel et al. 2007). It has a rapid growth rate (Horak and Loughin 2000), an 
extended period of emergence (Hartzler et al. 1999), can produce up to 4.8 million seeds 
per plant (Hartzler et al. 2004), and has evolved resistance to many herbicides (Foes et al. 
1998; Anderson et al. 1996; Sarangi et al. 2015; Light et al. 2011; Legleiter and Bradley 
2008; Rosenbaum and Bradley 2013; Legleiter et al. 2009; Smith and Hallett 2006; 
Schultz et al. 2015; Oliveira et al. 2017; Horak and Peterson 1995; Duff et al. 2009; 
Shoup et al. 2003; Sprague et al. 1997; Heap 2018). 
 
Objectives 
Nebraska soybean farmers generally cope with both weeds in mixtures under field 
conditions; however, to our knowledge, no studies have investigated their combined 
effect on soybean growth and production. Most studies reported in the literature were 
conducted with a single species at a time (Van Welly et al. 2015; Barnes et al. 2018; 
Steckel and Sprague 2004; Hager et al. 2002; Bensch et al. 2003). But single species 
studies cannot describe the competitive ability of weeds in mixture (Moechnig et al., 
2003; Yousefi et al. 2015). In addition, the effect of variable water supply on soybean 
growth and production under multispecies interference is unknown. Therefore, it is 
crucial to understand soybean response to resource depletion by mixtures of common 
ragweed and common waterhemp. Consequently, the objectives of this study are to (i) 
understand the influence of variable water supply on soybean yield loss in mixture with 
ragweed and waterhemp, (ii) understand the influence of variable water supply on 
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soybean growth in mixture with ragweed and waterhemp, and (iii) investigate the effect 
of multispecies interference on soil water content. Our hypotheses were: (i) soybean yield 
loss due to ragweed and waterhemp will be greater when water supply is limiting than 
when it is abundant, (ii) as C4 plants have greater resource use efficiency, waterhemp will 
be more competitive than ragweed in mixture with soybean, (iii) soil water will be more 
depleted by weed competition under rainfed compared to irrigated conditions. 
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Chapter 2: Soybean (Glycine max L.) Yield Loss due to Multispecies Interference 
from Common Ragweed (Ambrosia artemisiifolia L.) and Common Waterhemp 
(Amaranthus rudis Sauer) Under Variable Water Supply in Nebraska 
 
Abstract 
Soybean farmers in Nebraska are continually facing challenges related to weed 
management, especially since multiple weed species, including common ragweed 
(Ambrosia artemisiifolia L.) and common waterhemp (Amaranthus rudis Sauer), have 
evolved resistance to several herbicides. Under field conditions, these species are 
generally present throughout much of Nebraska’s corn and soybean production area and 
compete with the crop for limited resources, especially, light, water, and nutrients. Field 
experiments were conducted in 2016 and 2017 in eastern Nebraska to determine the 
influence of variable water supply on the multispecies interference of Ambrosia 
artemisiifolia L. and Amaranthus rudis Sauer on soybean (Glycine max L.) yield. A split-
plot design with three irrigation levels (full irrigation, half irrigation, and no irrigation) as 
the main plot and four weed densities as the subplot in four replicate blocks was installed. 
Density treatments included total target weed densities of 0, 2, 6, and 12 plants per meter 
of row, with equal numbers of common ragweed and common waterhemp. Soybean yield 
was manually harvested at physiological maturity and converted to 13% moisture 
content. The rectangular hyperbola and the relative leaf area approach were used to fit 
soybean yield loss data on weed density and weed relative leaf area. Soil water depletion 
over time was analyzed using repeated measures. Soybean weed-free yield and soil water 
content were not affected by irrigation in 2016 (P>0.05) but were improved by irrigation 
in 2017 (P<0.05). Parameter estimates using the rectangular hyperbola and relative leaf 
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area approach did not vary between irrigation levels in 2016 (P>0.05) but varied in 2017. 
Results of this study suggest that soybean, common ragweed and common waterhemp 
interference resulted in substantial soybean yield loss when competing for light and 
water.  
 
Key Words: density, interference, competition, yield loss, soybean, common ragweed, 
common waterhemp, soil water depletion 
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Introduction 
The United States is the world’s leading soybean [(Glycine max (L.) Merr.] 
producer, accounting for 38% of global production (Grassini et al. 2015). With 5,200,000 
acres planted and $2,905,888,000 sales in 2016, soybean is the second most important 
crop in Nebraska (USDA NASS, 2017), and the state is ranked fifth among the US 
soybean producing states (Grassini et al. 2015). However, crop production is affected by 
extremely variable rainfall and, as a result, variable soil water content in the Great Plains 
region of the United States (Ruiz-Barradas and Nigam 2005). According to Haile (2001), 
the main abiotic stressor to which plants are exposed is water stress. In fact, insufficient 
water is the most common abiotic stressor that causes soybean yield reduction (Purcell 
and Specht 2004; Irmak et al. 2014).  
The greatest yield losses due to weeds are recorded in soybean and corn 
agroecosystems in the US, and these two crops receive the largest quantities of applied 
herbicides to manage weeds (Swinton et al. 1994). Even though soybean producers in the 
US apply herbicides estimated at more than $1 billion per year ($40 per hectare for 
herbicide costs) to their crop, earlier research reported an average annual loss of $1.9 
billion from potential soybean production due to weeds left uncontrolled (Stoller et al. 
1987; Chandler et al. 1984). Soybean yield loss due to weed interference varies 
depending on environmental conditions, soil water, weed species, and duration of 
competition. For instance, one common cocklebur (Xanthium strumarium) plant per 1.8, 
0.9, and 0.3 meter of row reduced soybean yield by 16, 33, and 65% in Arkansas 
(Rushing and Oliver 1998). However, one common cocklebur plant per 3 meter of row 
decreased soybean yield by 3 to 12% in Illinois (Bloomberg et al. 1982). In Missouri, 
ALS-resistant common sunflower (Helianthus annuus) reduced soybean yield by 47 to 
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72% (Allen et al. 2000). Johnsongrass (Sorghum halepense) interference reduced soybean 
yield between 59 and 88% in Tennessee (Williams and Hayes 1984). Hemp sesbania 
(Sesbania exaltata) and pitted morningglory (Ipomoea lacunosa) reduced soybean yield 
by 43% and 81%, respectively in Arkansas (Norsworthy and Oliver 2002a, 2002b).  
Improving soybean yield in the Midwest requires that more emphasis is given to 
understanding how crop–weed interactions are affected by variable soil water. 
Common ragweed (Ambrosia artemisiifolia L.), a C3 species hereafter referred to 
as ragweed, is a problematic weed for soybean producers (Barnes et al. 2017a; Barnes et 
al. 2017b; Van Wely et al. 2015). In addition to producing highly allergenic pollen 
responsible for important public health problems (Rodgers et al. 2006), ragweed induces 
substantial yield losses to crops. For example, 4 ragweed plants per 10 m of row resulted 
in 12% soybean yield loss and intercepted 24% of the photosynthetically active radiation 
(Coble et al. 1981). Additionally, ragweed is more competitive with soybean than corn, 
resulting in yield losses ranging from 65 to 70% (Weaver 2001). Moreover, ragweed has 
evolved resistance to various herbicides in many cropping systems (Ganie et al. 2017, 
Van Wely et al. 2015, Brewer and Oliver 2009). For instance, ragweed has evolved single 
resistance to EPSP synthase inhibitors, ALS inhibitors, Photosystem II inhibitors and 
multiple resistance to ALS and EPSP synthase inhibitors, ALS and PPO inhibitors, and 
ALS, PPO and EPSP synthase inhibitors (Heap 2018).  
Common waterhemp (Amaranthus rudis Sauer), a C4 species hereafter referred to 
as waterhemp, is one of the most troublesome weeds for soybean producers in the 
Midwest (Steckel and Sprague 2004). Postponing waterhemp removal until 4 weeks after 
soybean unifoliate leaf expansion resulted in a 13% reduction in soybean seed yield 
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(Hager et al. 2002) and a 43% reduction when waterhemp was present for the entire 
season. Early emergence of 8 waterhemp plants m-1 of soybean row resulted in a 56% 
yield loss (Bensch et al. 2003). Waterhemp resulted in soybean yield losses of 37 and 
44% in narrow- and wide-row soybean, respectively (Steckel and Sprague 2004). The 
appearance and evolution of resistance to many herbicides have made waterhemp harder 
to control. Waterhemp has evolved resistance to triazines (Foes et al. 1998; Anderson et 
al. 1996), glyphosate (Sarangi et al. 2015; Light et al. 2011; Legleiter and Bradley 2008; 
Rosenbaum and Bradley 2013; Legleiter et al. 2009; Smith and Hallett 2006), and ALS, 
PPO, and HPPD inhibiting herbicides (Schultz et al. 2015, Oliveira et al. 2017, Horak 
and Peterson 1995, Duff et al. 2009; Shoup et al. 2003, Sprague et al. 1997, Heap 2017). 
Even though both species interact with soybean crops under field conditions, no 
studies have investigated their combined effect on soybean growth and yield. Moreover, 
there are no studies to our knowledge that investigated how soybean yield is affected by 
these species under variable soil water and also how soil available water content is 
affected by their competition. The objectives of this study were to (i) understand the 
influence of variable water supply on soybean yield and yield loss in mixture with 
ragweed and waterhemp, (ii) determine soybean growth stages that provide the best 
description of soybean yield loss when using the relative leaf area approach, and (iii) 
determine the influence of variable water supply and weed density on soil water depletion 
in soybean, ragweed and waterhemp communities. We hypothesized that (i) soybean 
yield loss due to ragweed and waterhemp will be greater when water supply is limiting 
than when it is abundant, (ii) as C4 plants are expected to have greater resource use 
efficiency, waterhemp will be more competitive than ragweed, (iii) a decrease in 
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irrigation level and an increase in common ragweed and common waterhemp density will 
induce a greater reduction of available soil water content throughout the season, (iv) 
soybean yield loss will be more adequately described by relative leaf area approach of 
early reproductive stage compared to late reproductive stage. 
 
Materials and Methods 
Field experiments were conducted in 2016 and 2017 at the Agricultural Research and 
Development Center (ARDC) near Mead, Nebraska (41º14’N, 96 º29’W; 368.7 m above 
sea level). The soil was a Filbert silt loam (fine, smectitic, mesic Vertic Argialbolls; 
25.6% clay, 63.6% silt, 10.8% sand) with pH 6.8 and 2.7% soil organic carbon. The 
experimental design was a split-plot arranged in four replicate blocks, with irrigation as 
the main plot and weed density as the split plot. Irrigation treatments were established to 
achieve full, half, or zero replacement of simulated evapotranspiration using the 
recommendations of SoyWater (Specht et al. 2010). Experimental units were centered at 
2.3, 9.9, and 19 m from a solid set irrigation system, respectively (Specht et al. 1986; 
2001). Five subplot treatments, 3 m wide (four soybean rows spaced 0.75 m apart) by 9 
m long, were randomized within the main plots and consisted of ragweed plus waterhemp 
densities of 0 (weed-free), 2, 6, and 12 plants m─1 row with soybean, and 2 plants m─1 
row without soybean (with a 50:50 ratio of ragweed:waterhemp).  
The previous crops at the site were soybean for 2016 and corn for 2017. The field 
was disked in early spring to prepare a seedbed. Seeds of ragweed (Roundstone Native 
Seed LLC, Upton, KY), an early emerging weed, were broadcast in a 15-cm band over 
the soybean row on April 22, 2016 and April 21, 2017. In 2016, flooding and anoxic 
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conditions delayed ragweed emergence and the planting of soybean and waterhemp. 
Glyphosate-resistant soybean (ASGROW brand) was planted on May 19, 2016 and May 
8, 2017 at a density of 370,500 seeds ha-1 using a six-row planter. Soybean emergence 
occurred on May 27, 2016 and May 15, 2017. Waterhemp seeds were suspended in 2.5% 
Laponite RD gel (Conservation Resources International, LLC, Virginia, USA) for 24 
hours prior to planting. In 2016, a first seeding occurred on May 6, 2016 and a second 
seeding on May 20, 2016 due to flooding and anoxic conditions. In both years, 
waterhemp seeds were planted using a 1.5 l syringe in order to have large quantities of 
seeds. Fifty percent emergence of ragweed and waterhemp occurred on May 31 and June 
8, 2016. Seeds of waterhemp were planted on April 25, 2017. Fifty percent emergence 
occurred on May 22 and May 18, 2017 for ragweed and waterhemp, respectively. Weed 
seeds were over-seeded in both years and seedlings were thinned manually within a 15 
cm band over the soybean row prior to reaching the V2 stage of soybean development. 
Target densities included alternating plants of ragweed and waterhemp such that the 2 
plants m-1 treatment had one ragweed and one waterhemp plant m-1 row. Other weeds 
were removed manually or with a hoe throughout the growing season. To quantify the 
effect of soybean in monoculture and soybean in mixture with ragweed and waterhemp 
on the amount of available water in the soil throughout the season, one access tube was 
installed vertically to a depth of 1 m in the center of 2 plots (2016) or 3 plots (2017) per 
replicate of each irrigation treatment. A hand-held auger was used in combination with a 
stabilization plate to auger 27 mm diameter holes and carefully install each access tube. 
Collars were installed around each access tube and caps installed to prevent precipitation 
from entering the access tube. Access tubes were installed in all weed-free and 6 plants 
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m-1 row treatments in 2016 and in all weed-free, 6 and 12 plants m-1 row treatments in 
2017. Two rain gauges were installed within each main plot replicate to quantify 
irrigation within main plot treatments. Irrigation was applied on July 25 (38 mm [±1.7]), 
2016 and on July 12 (51 mm [±2.4]), July 24 (25 mm [±1.5]), July 31 (38 mm [±1.9]), 
and August 14 (13 mm [±1.2]), 2017. Irrigation quantities (in parentheses±s.e.) refer to 
that applied to the 100% irrigation treatment.  
 
Data collection. Daily precipitation and average air temperatures were acquired from the 
nearest High Plains Regional Climate Center (HPRCC) station (Figure 2-1). Soil water 
content was monitored weekly during the growing season using a soil profile probe (PR2, 
Delta-T Devices Ltd., Cambridge, UK). Volumetric soil water content readings were 
made weekly at depths of 0.10, 0.20, 0.30, 0.40, 0.60, and 1 m. Destructive plant samples 
were made at R1, R3, R5, and R6 soybean growth stages in each year. At each sampling, 
plants within 1 meter of row were clipped at the soil surface and brought to the laboratory 
where total number of plants per species and per meter of row were counted for each 
experimental unit. Four random soybean plants and one random plant per weed species 
were separated into leaves, stems, and reproductive organs. Soybean petioles were also 
separated from plants. Leaves were separated at the attachment of the petiolules for 
soybean trifoliate leaflets and at the attachment of the petioles for common waterhemp 
and common ragweed. Leaf area of each species was measured using an area meter (LI-
3100; LI-COR, Lincoln, NE). The different organ groups were then dried in paper bags at 
65 °C to constant mass. Leaf Area Index (LAI) (m2 m-2) was calculated for each 
experimental unit as the product of total number of plants per square meter and the per 
plant leaf area. LAI data were used for weed relative leaf area calculations using: 
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𝐋𝐖 =
𝐋𝐀𝐈𝐰
𝐋𝐀𝐈𝐒+𝐋𝐀𝐈𝐂𝐑+𝐋𝐀𝐈𝐂𝐖
   [1] 
where W stands for weed and is either common ragweed (CR) or common waterhemp 
(CW), LAIS is soybean leaf area index (m
2 of leaf area per m2 of soil surface area), LAICR 
is common ragweed leaf area index (m2 of leaf area per m2 of soil surface area), and 
LAICW is common waterhemp leaf area index (m
2 of leaf area per m2 of soil surface area).  
At physiological maturity, soybean was manually harvested from 5 m of the 
center two rows of each experimental unit, threshed mechanically, seeds weighed and 
seed moisture determined using an Infratec 1241 Grain Analyzer. Soybean yield was 
adjusted to 13% moisture and converted to kg ha-1 using whole plot soybean density. The 
number of common ragweed and common waterhemp plants within the soybean 
harvested area were counted to determine whole plot weed density.  
 
Data Analysis. Soybean weed-free yield were compared among irrigation levels and 
years using ANOVA (PROC GLIMMIX) in SAS 9.4 (SAS Institute Inc., Cary, NC, 
USA). A test for violation of the basic assumptions (homogeneity and normality) of 
ANOVA was conducted prior to analysis. Blocks and years were considered random 
effects while irrigation was considered a fixed effect in the model. Treatments means 
were separated at P≤0.05 using the LSMEANS statement in SAS 9.4.  
Soil volumetric water content over the 1-meter rooted zone was averaged per plot 
for each sampling date. Because we cannot assume that the errors of the repeated 
measures of soil volumetric water content in the 1-meter profile are independent, their 
covariance patterns were modeled using Compound symmetry, 1st Order Autoregressive, 
Toeplitz, and 1st order Ante dependence covariance patterns using the PROC GLIMMIX 
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procedure of SAS 9.4 (SAS Institute Inc., Cary, NC, USA). Selection of the most 
appropriate covariance pattern for modeling our repeated measures data was made using 
Akaike’s Information Criterion (AIC), second-Order Bias Correction Akaike’s 
Information Criterion (AICC) and the Bayesian Information Criterion (BIC). The smaller 
the value of AICC and BIC the better the fit.  
A nonlinear regression was used to relate soybean yield loss to common ragweed and 
common waterhemp density. Soybean yield loss from each experimental unit was 
calculated using:  
𝑌𝐿 = 100 ∗ (1 −
𝑌
𝑌𝑤𝑓
)    [2] 
where Y is soybean yield within an experimental unit (kg.ha-1) and Ywf is mean weed-free 
soybean yield (kg.ha-1) for each irrigation level. Soybean yield loss (YL) was fitted to 
weed density using (Cousens 1985, Swinton et al. 1994):  
𝑌𝐿 =
∑ 𝑰𝒊𝑫𝒊
𝒏
𝒊
[𝟏+
(∑ 𝑰𝒊𝑫𝒊
𝒏
𝒊 )
𝑨
]
    [3] 
where Di is density of weed species i, Ii is the percent yield loss as density of weed 
species i approaches zero, and A is the percent yield loss as weed density approaches 
infinity. The yield was fitted separately to each irrigation level using nonlinear least 
squares regression (nls) within R version 3.4.3 (R Core Team, 2017). F tests (Knezevic et 
al. 1994; Barnes et al. 2018) were used to assess model parameter differences between 
irrigation levels within year. If model parameters did not vary by irrigation level, the data 
were pooled across irrigation levels. Parameter differences between years were then 
assessed using F-tests. If model parameters did not vary among years, data were pooled 
across years and the model fitted to the pooled data. Swinton et al. (1994) suggested that 
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Ii values represent competitive indices for competing weeds in a mixed community. 
These values also were used to convert the density of the less competitive weed to an 
equivalent density of the most competitive weed using:  
D = (
I1
I2
) ∗ D1 + D2      [4] 
where D is density, and subscripts 1 and 2 represent the least competitive and the most 
competitive weed, respectively. Finally, yield loss resulting from multi-species 
interference was plotted using equation 5 with equivalent density (Equation 4) as the 
independent variable and I from the most competitive weed (Swinton et al. 1994, Cowan 
et al. 1998).  
𝑌𝐿 =
𝐼𝐷
1+
𝐼𝐷
𝐴
       [5] 
Soybean yield loss was also described as a function of ragweed and waterhemp 
relative leaf area calculated at each sampling date within a year (equation 6) (Kropff and 
Spitters 1991, Kropff and Van Laar 1993): 
YL =
∑ qiLw,i
1+∑(
qi
mi
−1)Lw,i
   [6] 
where YL is yield loss, qi is the relative damage coefficient of species i, Lw,i, is the 
relative leaf area of species i calculated using equation 1, and mi is the maximum soybean 
yield loss caused by weed species i. 
 
Model selection and rankings. The fit of equation 6 using relative leaf area calculated at 
each sampling date (R1, R3, R5 and R6) was compared among irrigation treatments and 
years as above. The sampling time at which relative leaf area best described soybean 
yield loss was determined using the information-theoretic criterion (AIC) (Anderson 
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2008). The second-order bias corrected AIC (AICc), AICc differences (ΔAICc), the 
weight of evidence in favor of each model (AICw) and the cumulative weight of evidence 
in favor of each model (Cum.Wt) were obtained using the aictab function in the 
AICcmodavg package (Mazerolle 2017) in R version 3.4.3 (R Core Team 2017). The 
model with the lowest AICc and the highest AICw is considered the model that provides 
the most support to the dataset within the model set (Powell and Gale 2015).  
 
Model goodness of fit. Model goodness of fit was evaluated using the root mean square 
error (RMSE) and modelling efficiency coefficient (EF) (Wallach et al. 2006). RMSE 
and EF were calculated using equations 7 (Roman et al. 2000) and 8 (Mayer and Butler 
1993), respectively.  
𝑅𝑀𝑆𝐸 = √
1
𝑛
∑(𝑃𝑖 − 𝑂𝑖)2
𝑛
𝑖=1
              [7] 
where Pi is the predicted value, Oi is the observed value, and n is the total number of 
observations. The smaller RMSE value, the better the model fit to the data because the 
predicted values are closer to the observed values. 
𝑬𝐹 = 1 − [∑(𝑂𝑖 − 𝑃𝑖)
2/ ∑(𝑂𝑖 − 𝑂?̅?)
2
𝑛
𝑖=1
𝑛
𝑖=1
]   [8] 
Oi is the observed value, and Pi is the predicted value, Ōi is the mean observed value, and 
n is the total number of observations. The closer the values are to 1, the more accurate the 
predictions (Sarangi et al. 2016). 
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Results and Discussion 
 
Effect of variable water supply and year on weed-free soybean yield. The interaction 
effects of irrigation level and year on weed-free soybean yield were significant. Soybean 
weed-free yield did not differ among irrigation treatments in 2016 (P= 0.7071) but 
increased with increasing irrigation (P <.0001) in 2017. In 2016 the average weed-free 
yield was 4407 kg ha-1. In 2017, soybean weed-free yields were 4543, 3897, and 3262 kg 
ha-1 for the full, half and zero irrigation treatments, respectively.  
 
Model goodness of fit. Modeling efficiency and RMSE values indicate that soybean 
yield loss was adequately described by equation [3] using both weed density and relative 
leaf area as independent variables. RMSE values ranged between 4.52 and 12.86, while 
ME values varied from 0.81 to 0.97. In a multispecies interference study of common 
sunflower and shattercane in corn Deines et al. (2004) reported RMSE values between 
5.38 and 10. 
 
Soybean yield loss based on weed density. The relationship between soybean yield loss 
and ragweed and waterhemp density did not differ among irrigation levels in 2016. 
Coefficient estimates for I1 and I2 were 30.2 and 20.2%, respectively indicating that 
ragweed was the more competitive species in 2016. The estimate of maximum soybean 
yield loss in 2016 was 74.3% (Figure 2-2). The rectangular hyperbola fits the 2016 data 
with an RMSE of 8.30 and a ME of 0.84. In 2017, F tests revealed that estimates of 
soybean yield loss as ragweed approached zero (I1) and as waterhemp approached zero 
(I2) differed between irrigation treatments. Under 100% irrigation, coefficient estimates 
for I1 and I2 were 14.4% and 21.3%, respectively and the estimate of maximum soybean 
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yield loss was 75.4% (Figure 2-3). The model fits the data with an RMSE of 10.72 and a 
ME of 0.82. But under 50% irrigation conditions coefficient estimates for I1 and I2 were 
27.6% and 80.0%, respectively and the estimate of maximum soybean yield loss was 78.6 
% (Figure 2-4). The model fits the data with an RMSE of 4.52 and a ME of 0.97. Finally, 
under 0% irrigation conditions coefficient estimates for I1 and I2 were 27.9% and 149.2% 
and the estimates of maximum soybean yield loss were 80.3% (Figure 2-5). The model 
fits the data with an RMSE of 6.26 and a ME of 0.96. Based on I values, we can conclude 
that common ragweed was 1.5 times more competitive than common waterhemp in 2016 
in part because common ragweed emerged 8 days before common waterhemp. However, 
common waterhemp was 1.5, 2.9, and 5.4 times more competitive than common ragweed 
under 100, 50, and 0% irrigation, respectively, in 2017. These results suggest that relative 
time weed emergence was an important factor in determining their competitiveness.  
In competition with common lambsquarters and giant foxtail, Conley et al. (2003) 
reported I values varying between 1.9 and 10.4 % soybean yield loss for giant foxtail and 
between 0.0 and 1.2% for common lamsquarters. Swinton et al. (1994) reported I values 
varying between –1.5 and 7.9% soybean yield loss for redroot pigweed, -1.5 and 6.0% for 
velvetleaf, and -2.7 and 7.1% soybean yield loss for common lamsbquarters. However, 
none of those studies integrated the effect of variable water supply. In mixture with corn, 
the estimates of I and A obtained for many weeds have been reported to be very instable 
across the north central U.S. and Canada (Knezevic et al. 1994; Chikoye et al. 1995; 
Fischer et al. 2004; Lindquist et al. (1996; 1999). These authors reported that estimates of 
parameter I across years and locations were more unstable than estimates of A and that 
variation in crop–weed interference relationships may be due to variation in the relative 
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time of emergence of the crop and weed, differential response of the crop and weed to 
different weather conditions, shifts in the resource that is most limiting, or variation in 
cultural practices (Lindquist et al. 1999).  
 
Relative leaf area approach. F tests revealed that parameters from Eq. [6] did not vary 
across irrigation levels in 2016 but did vary across irrigation levels in 2017. Therefore, 
data were pooled across irrigation treatments in 2016 and separated per irrigation level in 
2017. In 2016, Eq. [6] fitted to soybean yield loss, ragweed and waterhemp relative leaf 
area data at Sampling 1 (R1) had the lowest AICc (Table 2-1). This model fit the data 
with an RMSE of 9.03 and a ME of 0.86. Estimates of ragweed and waterhemp relative 
damage coefficients using this model were 493.7 and 1385.5, respectively. Estimates of 
soybean maximum yield loss caused by ragweed and waterhemp were 56.3 and 100%, 
respectively. In 2016, Eq. [6] fitted to soybean yield loss, ragweed and waterhemp 
relative leaf area data at Sampling 4 (R6) was the model with the least support (Table 2-
1).  
Under 0% irrigation conditions in 2017, Eq. [6] fitted to soybean yield loss, 
ragweed and waterhemp relative leaf area data at Sampling 1 (R1) was the model with 
the most support with the lowest AICc and 99% weight of evidence (Table 2-1). This 
model fit the rainfed yield loss data with an RMSE of 6.97 and a ME of 0.95. Estimates 
of ragweed and waterhemp relative damage coefficients using this model were 1744.5 
and 4631.7, respectively. Estimates of soybean maximum yield loss caused by ragweed 
and waterhemp were 100 and 70.0%, respectively. Eq. [6] fitted to soybean yield loss, 
ragweed and waterhemp relative leaf area data at Sampling 2 (R3) was the model with 
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the least support with the highest AICc and a ΔAICc of 24.9. Under 50% irrigation 
conditions in 2017, Eq. [5] fitted to soybean yield loss, ragweed and waterhemp relative 
leaf area data at Sampling 2 (R3) was the model with the most support with the lowest 
AICc and 82% weight of evidence (Table 2-1). This model fit the data with an RMSE of 
6.10 and a ME of 0.95. Estimates of ragweed and waterhemp relative damage coefficients 
were 1207.7 and 2375.4, respectively. Estimates of soybean maximum yield loss caused 
by ragweed and waterhemp were 65.4 and 79.9%, respectively. Equation [5] fitted to 
soybean yield loss, ragweed and waterhemp relative leaf area data at Sampling 3 (R5) 
was the model with the least support with the highest AICc and ΔAICc of 22.75. Finally, 
under 100% irrigation conditions in 2017 Eq. [5] fitted to soybean yield loss, ragweed 
and waterhemp relative leaf area data at Sampling 2 (R3) was the model with the most 
support with the lowest AICc and 70% weight of evidence (Table 1). This model fit the 
data with an RMSE of 12.86 and a ME of 0.81. Estimates of ragweed and waterhemp 
relative damage coefficients were 35.8 and 5161.5, respectively. Estimates of soybean 
maximum yield loss caused by ragweed and waterhemp were 100 and 71.5%, 
respectively. Equation [5] fitted to soybean yield loss, ragweed and waterhemp relative 
leaf area data at Sampling 3 (R5) was the model with the least support with the highest 
AICc and ΔAICc of 6.52.  
Damage coefficient estimates of this study were greater than 1 indicating that both 
weeds were stronger competitors than the crop (Kropff and Van Laar 1993). Results of 
this study suggest that soybean yield loss due to ragweed and waterhemp in mixture is 
best described by their respective relative leaf area in early reproductive stage, at R1 or 
R3 growth stages, depending on irrigation conditions. Late season (R5 and R6) relative 
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leaf area of these weeds in mixture provided the least support. These results make sense 
because at R5 and R6 soybean growth stages soybean and waterhemp leaves had started 
senescing. Results also suggest that estimates of q and m for both species were unstable, 
which is consistent with previous research (Dieleman et al. 1995; Chikoye et al. 1995). In 
fact, in corn (Knezevic et al. 1995), white bean (Chikoye et al. 1995), soybean (Dieleman 
et al. 1995), sugarbeet, and spring wheat (Lotz et al. 1996) q and m were reported as 
variable or more variable than I and A. Additionally, Knezevic et al. (1995) highlighted 
the limits of the relative leaf area model for practical use due to the lack of a method to 
estimate leaf area index quickly and accurately under field conditions.  
 
Effect of irrigation and multispecies interference on available soil water content 
depletion. Based on smallest AICc, the Compound Symmetry and First Order Ante 
Dependence covariance patterns provided the best fit to the soil volumetric water content 
in 2016 and 2017, respectively (Table 2-2). Therefore, these covariance structure models 
were used for further analyses. In 2016, the irrigation-by-sampling date-by-density, 
irrigation-by-density, and sampling date-by-irrigation interactions were not significant 
(P>0.05). However, the sampling date-by-density interaction was significant (P=0.0043) 
(Table 3), which means that the effect of density is not the same at all sampling dates. 
Irrigation did not affect soil water content in 2016 (P=0.2768). However, weed 
interference depleted soil water content (P<.0001) (Table 2-3). Soil water content also 
varied over sampling dates (P<0.05). As a result, the main effects of irrigation and the 
simple effects of density and sampling date were considered.  
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  In 2017, the sampling date-by-density-by-irrigation, sampling date-by-density, 
and the sampling date-by-irrigation interactions were all significant (P<0.05). Therefore, 
simple effects of irrigation, sampling date and density were analyzed. Additionally, 
irrigation, sampling date, and weed density significantly affected soil water (P<0.05). 
Results of this study suggest that soil available water was more depleted under weedy 
conditions than under weed-free conditions. The greatest reduction occurred under weed 
density 12 in 2017. For example, at 63 DAE, compared to weed-free soybean, 6 and 12 
plants m-1 of row on average induced 13 and 27.2% soil water reduction under 0% 
irrigation, 16.5 and 22.6% soil water reduction under 50% irrigation, and 8 and 16.7% 
soil water reduction under 100% irrigation (Table 2-4). This result makes sense as 
mixtures transpired more water than soybean in monoculture.  
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Table 2-1. Model selection and ranking using K, AICc, ΔAICc, AICcW, and Cum.Wt for RLA model fitted to four different 
sampling dates for a pooled dataset in 2016 and for each irrigation level in 2017. Models are ordered from lowest to highest 
AICc with the lowest AICc considered the model with the most support to the yield loss data and considered the top model. 
Year Irrigation Sampling  K AICc ΔAICc AICcW Cum.Wt LL 
2016 Pooled Sampling 1 5 358.9 0 0.95 0.95 -173.74 
2016 Pooled Sampling 2 5 364.78 5.88 0.05 1 -176.68 
2016 Pooled Sampling 3 5 370.98 12.08 0 1 -179.78 
2016 Pooled Sampling 4 5 378.14 19.24 0 1 -183.35 
2017 0% Sampling 1 5 123.54 0 0.99 0.99 -53.77 
2017 0% sampling 3 5 133.46 9.92 0.01 1 -58.73 
2017 0% sampling 4 5 139.54 16 0 1 -61.43 
2017 0% sampling 2 5 148.44 24.9 0 1 -66.22 
2017 50% sampling 2 5 113.48 0 0.82 0.82 -48.41 
2017 50% Sampling 1 5 116.57 3.09 0.18 1 -50.29 
2017 50% sampling 4 5 125.77 12.28 0 1 -54.88 
2017 50% sampling 3 5 136.23 22.75 0 1 -60.11 
2017 100% sampling 2 5 143.15 0 0.7 0.7 -63.57 
2017 100% Sampling 1 5 145.24 2.1 0.24 0.94 -64.62 
2017 100% sampling 4 5 149.34 6.19 0.03 0.97 -66.67 
2017 100% sampling 3 5 149.67 6.52 0.03 1 -66.83 
 
 
 
 
 3
2
 
Table 2-2. Repeated measures covariance pattern selection using AIC, AICC and BIC. Soil volumetric water content was 
averaged over 1-meter depth for each sampling date. Averaged values were subjected to repeated measures covariance 
pattern analysis. The best covariance has the lowest AIC, AICC and BIC values. 
Year Candidate models AIC AICC BIC 
 Compound Symmetry 632.18 632.28 635.56 
2016 1st Order Autoregressive  660.39 660.49 663.77 
 Toeplitz 634.37 635.32 646.19 
 1st Order Ante Dependence  663.46 666.71 685.41 
 Compound Symmetry 1334.03 1334.08 1337.20 
2017 1st Order Autoregressive  1339.85 1339.90 1343.01 
 Toeplitz 1276.09 1276.86 1290.34 
 1st Order Ante Dependence  1198.87 1201.59 1225.79 
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Table 2-3. Repeated measures analyses using Compound symmetry (2016) and Ante Dependence (2017) covariance patterns 
for testing hypotheses between sampling dates, weed densities and irrigation levels. 
Year Selected Covariance pattern Effects P 
  Irrigation 0.2768 
  Density <.0001 
2016 Compound symmetry Irrigation*Density 0.9399 
  Sampling date*Irrigation 0.1100 
  Sampling date*Density 0.0043 
  Sampling date*Irrigation*Density 0.8956 
  Irrigation <.0001 
  Density <.0001 
2017 First Order Ante Dependence Irrigation*Density 0.9558 
  Sampling date*Irrigation <.0001 
  Sampling date*Density <.0001 
  Sampling date*Irrigation*Density 0.0092 
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Figure 2-1. Average daily air temperature (˚C) and total daily precipitation (mm) 
acquired from the nearest High Plain Regional Climate Center in a field experiment 
conducted at the ARDC University of Nebraska-Lincoln in 2016 and 2017.  
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Figure 2-2. Rectangular hyperbola model fitted to soybean yield loss (%) pooled dataset 
in 2016 using common ragweed equivalent density as independent variable. Model 
parameters I1 (soybean yield loss as ragweed density approached zero), I2 (soybean yield 
loss as waterhemp density approached zero), and A (soybean maximum yield loss as 
density approached infinity) were 30.2 and 20.2 and 74.3%, respectively. The root mean 
squared error (RMSE) and modeling efficiency coefficient (ME) for this model were 8.30 
and 0.84, respectively. 
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Figure 2-3. Rectangular hyperbola model fitted to soybean yield loss (%) under 100% 
irrigation conditions in 2017 using common waterhemp equivalent density as 
independent variable. Model parameters I1 (soybean yield loss as ragweed density 
approached zero), I2 (soybean yield loss as waterhemp density approached zero), and A 
(soybean maximum yield loss as density approached infinity) were 14.4, 21.3, 75.4%, 
respectively. The root mean squared error (RMSE) and modeling efficiency coefficient 
(ME) for this model were 10.72 and 0.82, respectively. 
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Figure 2-4. Rectangular hyperbola model fitted to soybean yield loss (%) under 50% 
irrigation conditions in 2017 using common waterhemp equivalent density as 
independent variable. Model parameters I1 (soybean yield loss as ragweed density 
approached zero), I2 (soybean yield loss as waterhemp density approached zero), and A 
(soybean maximum yield loss as density approached infinity) were 27.6, 80.0, and 78.6 
%, respectively. The root mean squared error (RMSE) and modeling efficiency coefficient 
(ME) for this model were 4.52 and 0.97, respectively.  
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Figure 2-5. Rectangular hyperbola model fitted to soybean yield loss (%) under 0% 
irrigation conditions in 2017 using common waterhemp equivalent density as 
independent variable. Model parameters I1 (soybean yield loss as ragweed density 
approached zero), I2 (soybean yield loss as waterhemp density approached zero), and A 
(soybean maximum yield loss as density approached infinity) were 27.9, 149.2, and 
80.3%, respectively. The root mean squared error (RMSE) and modeling efficiency 
coefficient (ME) for this model were 6.26 and 0.96, respectively. 
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Chapter 3: How is Soybean [Glycine max (L.) Merr.] Growth Affected by the 
Multispecies Interference of Common Ragweed (Ambrosia artemisiifolia L.) and 
Common Waterhemp (Amaranthus rudis Sauer) Under Variable Water Supply in 
Nebraska? 
 
Abstract 
Field experiments were conducted in 2016 and 2017 in Nebraska to investigate soybean 
growth response to common ragweed and common waterhemp interference under 
irrigated and water limited conditions. A split-plot design with three irrigation levels (full 
irrigation, half irrigation, and no irrigation) as the main plot and four weed densities as 
the subplot in four replicate blocks was used. Density treatments included total target 
weed densities of 0, 2, 6, and 12 plants per meter of row, with equal numbers of common 
ragweed and common waterhemp. Four destructive samplings were made at soybean R1, 
R3, R5 and R6 growth stages for growth analysis. A functional approach to growth 
analysis was used to derive Crop Growth Rate (CGR). In addition, the leaf area index, 
total biomass, and biomass allocation to various organs groups were quantified. Irrigation 
did not affect soybean LAI, and total aboveground biomass in 2016. But irrigation 
increased soybean LAI and total aboveground biomass in 2017. At high densities (6 and 
12 plants per meter) competition was not affected by irrigation as common ragweed and 
common waterhemp grew taller than the crop and competition was mainly for light. 
Soybean maximum CGR in weed-free and 2 plants per meter plots was increased by 
irrigation in 2017. Soybean new biomass partitioning was not affected by irrigation; but 
weed interference increased biomass partitioning to stem and decreased partitioning to 
leaves. 
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Introduction:  
Overreliance on herbicides for weed control in common cropping systems in the 
United States has led to the evolution of herbicide resistant biotypes of several weeds. As 
a result, many weeds are becoming harder to manage. For example, common ragweed 
(Ambrosia artemisiifolia L.) and common waterhemp (Amaranthus rudis Sauer) are two 
hard to control weeds across the US. Common ragweed, a member of the Asteraceae 
family, is an aggressive annual weed native to North America (Hodgins et al. 2012). It is 
a wind-pollinated, monoecious annual herb, that germinates from mid-April through May 
in the Midwest (Werle et al. 2014) and produces fruits in the fall (Essl et al. 2015). One 
plant can produce up to 62,000 seeds (Dickerson and Sweet 1971; Van Wely et al. 2014), 
which can remain viable in the soil for up to 39 years (Bassett and Crompton 1975). 
Common ragweed intercepted 24% of the photosynthetically active radiation and reduce 
soybean yield by 12% with four weeds per 10 m of row (Coble et al. 1981). Twelve 
plants of common ragweed per meter of row reduced soybean yield by 95% (Barnes al. 
2018). Unfortunately, common ragweed is becoming harder to control because of the 
evolution of herbicide resistant biotypes to multiple herbicides, including EPSP synthase, 
ALS and Photosystem II inhibitors (Van Wely et al. 2015; Brewer and Oliver 2009; 
Ganie et al. 2017; Heap 2018).  
Common waterhemp is one of the most troublesome weeds for soybean producers 
in the Midwest (Steckel and Sprague 2004b). Its interference can reduce corn yield by 10 
to 74% (Cordes et al. 2004; Steckel and Sprague 2004a; Bensch et al. 2003). Common 
waterhemp has also evolved resistance to multiple herbicides, including triazines (Foes et 
al. 1998; Anderson et al. 1996), glyphosate (Sarangi et al. 2015; Light et al. 2011; 
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Legleiter and Bradley 2008; Rosenbaum and Bradley 2013), ALS, PPO, PSII, and HPPD 
inhibitors (Schultz et al. 2015, Oliveira et al. 2017, Horak and Peterson 1995, Duff et al. 
2009; Shoup et al. 2003; Sprague et al. 1997; Heap 2018). 
Under field conditions, both weeds are commonly present throughout much of 
Nebraska’s corn and soybean production area and compete with the crop for limited 
resources (light, water and nutrients). However, to our knowledge, no studies have 
determined the combined effect of these weeds on soybean growth and how their impact 
is affected by variable water supply. Understanding this effect under both irrigated and 
water limited conditions can be helpful for decision making regarding irrigation events as 
well as for choosing viable weed management strategies. Therefore, the objectives of this 
study were to describe the effect of common ragweed and waterhemp on soybean growth 
under irrigated and limited water conditions.  
 
Materials and Methods 
Field experiments were conducted in 2016 and 2017 at the Agricultural Research and 
Development Center (ARDC) near Mead, Nebraska (41º14’N, 96 º29’W; 368.7 m above 
sea level). The soil was a Filbert silt loam (fine, smectitic, mesic Vertic Argialbolls; 
25.6% clay, 63.6% silt, 10.8% sand) with a pH of 6.8 and 2.7% soil organic carbon. The 
experimental design was a split-plot arranged in four replicate blocks, with irrigation as 
the main plot and weed density as the split plot. Irrigation treatments were established to 
achieve full, half, or zero replacement of simulated evapotranspiration using the 
recommendations of SoyWater (Specht et al. 2010). Experimental units were centered at 
2.3, 9.9, and 19 m from a solid set irrigation system, respectively (Specht et al. 1986; 
2001). Five subplot treatments, 3 m wide (four soybean rows spaced 0.75 m apart) by 9 
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m long, were randomized within the main plots and consisted of ragweed plus waterhemp 
densities of 0 (weed-free), 2, 6, and 12 plants m-1 row with soybean, and 2 plants m-1 row 
without soybean (with a 50:50 ratio of ragweed:waterhemp).  
The previous crops at the site were soybean for 2016 and corn for 2017. The field 
was disked in early spring to prepare a seedbed. Seeds of ragweed (Roundstone Native 
Seed LLC, Upton, KY), an early emerging weed, were broadcast in a 15 cm band over 
the soybean row, on April 22, 2016 and April 21, 2017. In 2016, flooding and anoxic 
conditions delayed ragweed emergence and soybean and waterhemp planting. 
Glyphosate-resistant soybean (ASGROW brand) was planted on May 19, 2016 
(ASGROW 2636) and May 8, 2017 (AG24X7) at a density of 370,500 seeds ha-1. 
Soybean emergence occurred on May 27, 2016 and May 15, 2017. Waterhemp seeds 
were suspended in 2.5% Laponite RD gel (Conservation Resources International, LLC, 
Virginia, USA) for 24 hours prior to planting. In 2016, a first seeding occurred on May 6, 
and a second seeding on May 20, 2016 due to flooding and anoxic conditions. In both 
years waterhemp seeds were planted using a 1.5 l syringe in order to have large quantities 
of seeds. Fifty percent emergence of ragweed and waterhemp occurred on May 31 and 
June 8, 2016, respectively. In 2017, seeds of waterhemp were planted on April 25. Fifty 
percent emergence occurred on May 22 and May 18, 2017 for ragweed and waterhemp, 
respectively. Weed seeds were over-seeded in both years and seedlings were thinned 
manually within a 15 cm band over the soybean row prior to reaching the V2 stage of 
soybean development. Target densities included alternating plants of ragweed and 
waterhemp such that the 2 plants m-1 treatment had one ragweed and one waterhemp 
plant m-1 row. Other weeds were removed manually or with a hoe throughout the 
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growing season. Irrigation was applied on July 25 (38 mm [±1.7]), 2016 and on July 12 
(51 mm [±2.4]), July 24 (25 mm [±1.5]), July 31 (38 mm [±1.9]), and August 14 (13 mm 
[±1.2]), 2017. Irrigation quantities (in parentheses±s.e.) refer to that applied to the 100% 
irrigation treatment. Two rain gauges were installed within each main plot replicate to 
quantify irrigation within main plot treatments. 
 
Data collection. Daily precipitation and minimum and maximum air temperature were 
acquired from the nearest High Plains Regional Climate Center (HPRCC) weather 
station. Treatment effects were quantified by destructively harvesting plants at the R1, 
R3, R5, and R6 growth stages of soybean development in 2016 and 2017. At each harvest 
date, plants within one meter of row were clipped at the soil surface and brought to the 
laboratory where total number of each species was counted. Four soybean plants, one 
ragweed and one waterhemp plant were separated into leaves, stems, and reproductive 
organs. Plant leaves were separated at the attachment of the petiolules for soybean 
trifoliate leaflets and at the attachment of the petioles for common waterhemp and 
common ragweed. Leaf area of lamina only was measured using an area meter (LI-3100; 
LI-COR, Lincoln, NE). Soybean petioles were also separated from stems and lamina. 
Organ groups were then dried in paper bags at 65 °C to constant biomass. Biomass 
partitioning coefficients for a given organ group were estimated using the ratio of the 
change in weight of that organ group between two sampling dates and the total change in 
aboveground weight of whole plants (Hunt 1990; Gustafson et al. 2006). Leaf Area Index 
(LAI) (m2 m-2) was calculated for each treatment as the product of total number of plants 
per square meter and the per plant leaf area. Specific Leaf Area (SLA) (cm2 g-1) was 
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calculated as the ratio of lamina area to lamina mass. Thermal time (Growing Degree 
Days (GDD) accumulated from emergence to the different sampling dates was calculated 
using equation 1. 
𝐺𝐷𝐷 = ∑ (
𝑇𝑚𝑎𝑥+𝑇𝑚𝑖𝑛
2
− 𝑇𝑏𝑎𝑠𝑒)          [1] 
where Tmax is the daily maximum air temperature, Tmin is the daily minimum air 
temperature, and Tbase is the base temperature (10°C) for soybean growth (Falk 1981). 
 
Data analysis. Soybean LAI, SLA, and partitioning coefficients to various organ groups 
were subjected to ANOVA using the PROC GLIMMIX procedure in SAS 9.4 (SAS 
Institute Inc., Cary, NC, USA). Blocks and years were considered random effects while 
irrigation and weed density were considered fixed effects in the model. Treatments means 
were separated at P≤0.05 using the LSMEANS statement in SAS 9.4. Prior to analysis, 
data were tested for normality and homogeneity. A functional approach to growth 
analysis (Hunt 1982) was also used by fitting the Logistic equation to soybean total 
biomass per unit area data using the nonlinear least squares regression (nls) of R version 
3.4.3 (R Core Team, 2017. Total biomass per unit area accumulation (g/m2) was 
regressed on Growing Degree Days (GDD) using:  
𝑌 =
𝐾
1+𝑎∗𝑒𝑥𝑝(−𝑟∗𝐺𝐷𝐷)
         [2] 
where r is the intrinsic rate of increase of the population, K and a are shape 
coefficients and GDD is the thermal time. Model assumptions of normality and 
homoscedasticity were tested during the fitting process. Soybean Crop Growth Rate 
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(CGR), the derivative of the logistic function with respect to time, was derived from Eq. 
[2]. 
𝐶𝐺𝑅 =
𝑑𝑊
𝑑𝑡
=
𝐾∗𝑎∗𝑟∗𝑒𝑥𝑝(−𝑟𝑡)
(1+𝑎∗𝑒𝑥𝑝(−𝑟𝑡))2
       [3] 
 
Model Goodness of Fit. Model goodness of fit was evaluated using the root mean square 
error (RMSE) and modelling efficiency coefficient (EF) (Wallach 2006). RMSE and EF 
were calculated using equations 4 (Roman et al. 2000) and 5 (Mayer and Butler 1993), 
respectively.  
𝑅𝑀𝑆𝐸 = √
1
𝑛
∑(𝑃𝑖 − 𝑂𝑖)2
𝑛
𝑖=1
              [4] 
where Pi is the predicted value, Oi is the observed value, and n is the total number of 
observations. The smaller RMSE value, the better the model fit to the data because the 
predicted values are closer to the observed values. 
𝐸𝐹 = 1 − [∑(𝑂𝑖 − 𝑃𝑖)
2/ ∑(𝑂𝑖 − 𝑂?̅?)
2
𝑛
𝑖=1
𝑛
𝑖=1
]   [5] 
where Oi is the observed value, and Pi is the predicted value, Ōi is the mean observed 
value, and n is the total number of observations. EF value varies between −∞ and 1; the 
closer the values are to 1, the more accurate the predictions (Sarangi et al. 2016).  
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Results and Discussion.  
 
Soybean Leaf area index (LAI), Specific Leaf Area (SLA), biomass partitioning. At 
R1, the density-by-irrigation-by-year interaction effect on soybean LAI was not 
significant (P=0.67). Moreover, density-by-irrigation and the irrigation-by-year 
interactions were not significant (P>0.05). Therefore, the main effects of irrigation were 
considered at R1. In addition, soybean LAI was not affected by irrigation (P=0.97). 
However, the density-by-year interaction was significant (P=0.025). So, the simple 
effects of density and years were considered. Weed-free soybean LAI was not different 
between 2016 and 2017 (P=0.12). However, soybean LAI in weedy plots (2, 6, and 12 
plants per meter of row) differed between 2016 and 2017 (P<0.05). One reason might be 
the differences in emergence time of weeds relative to the crop between the two years.  
At R3, R5, and R6 growth stages, the density-by-irrigation-by-year interaction 
effect on LAI was significant (P<0.05). Therefore, the effects of density-by-irrigation 
were investigated in each year. In 2016, the density-by-irrigation interaction was not 
significant (P>0.05). Therefore, the main effects of density and irrigation were further 
investigated for that year. Irrigation treatments did not affect soybean LAI in 2016 
(P>0.05) but weed density decreased soybean LAI (P<0.05). In 2017, the density-by-
irrigation interaction was significant (P<0.05) so simple effects of density and irrigation 
were further investigated in 2017. Weed density reduced soybean LAI under all irrigation 
conditions (P<0.05) in 2017. However, the effect of irrigation on soybean LAI was more 
variable. Under weed-free and the 2 plants per meter of row treatments, irrigation 
increased soybean LAI. However, at higher weed densities (density 6 and 12), irrigation 
did not affect soybean LAI (P>0.05). These results suggest that at lower weed densities, 
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water shortage had an important impact on the outcome of competition between ragweed, 
waterhemp and soybean. At higher densities, the outcome of competition was mainly 
determined by competition for light. In fact, ragweed and waterhemp grew taller than 
soybean and overtopped the crop (data not presented). Previous research already reported 
that in mixtures where weeds are taller than the crop the outcome of competition is hardly 
affected by drought (Kropff et al. 1993). 
Soybean specific leaf area varied by destructive sampling stage (Figure 3-9). The 
density-by-irrigation-by-year interaction effect on soybean SLA (cm2 g-1) was not 
significant (P>0.05). Moreover, the density-by-irrigation and the irrigation-by-year 
interactions were not significant (P>0.05). Therefore, the main effects of irrigation were 
considered at all sampling dates. In addition, soybean SLA was not affected by irrigation 
(P>0.05). Soybean SLA average values varied between 187 and 419 cm2 g-1 and are 
similar to values reported by others (Lugg and Sinclair 1979). In both years weed density 
increased soybean SLA. Values of SLA in different environmental conditions, at 
different development stages, and at different strata of leaves in the canopy, have been 
reported to be variable (Gunn et al. 1999; Lieth et al. 1986; Lugg and Sinclair 1979).  
The density-by-irrigation-by-year interaction on soybean biomass partitioning 
was not significant between R1 and R3 and between R3 and R5. The density-by-
irrigation and the irrigation-by-year interactions were not significant; therefore, the main 
effects of irrigation were further investigated. Irrigation did not affect biomass 
partitioning to different organ groups. Weed interference affected the fraction of biomass 
partitioning to stems and leaves between R1 and R3 and between R3 and R6. Soybean 
partitioned a greater fraction of biomass to stems under weedy conditions than weed-free 
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conditions; soybean plants were taller under weedy conditions (visual observation). 
However, weed-free soybean partitioned a greater proportion of new biomass to leaves 
than weedy plots (P<0.05). Gustafson et al. (2006) also reported greater biomass 
partitioning to stems under weedy conditions and less to leaves. These results indicate 
that soybean altered its morphology under weedy conditions. The change in soybean 
biomass partitioning under weedy conditions might be associated with soybean 
physiology. According to Holt (1995), many plants show plasticity by redistributing new 
biomass, under altered light quality and quantity, in dense canopies. Under these 
conditions, the alteration of biomass partitioning pattern might be due to shade 
avoidance, triggered by a change in light quality (Poorter et al. 2011; Ballaré et al. 1990; 
Ballaré et al. 1991). Soybean is reported to show shade avoidance (Green-Tracewicz et 
al. 2011) and new biomass partitioning to various organs under field conditions is 
affected by far-red/red light ratio received during growth and development (Kasperbauer 
1987).  
 
Soybean growth over time. Irrigation did not affect soybean biomass at any sampling 
date (P>0.05) in 2016; therefore, soybean growth over time was modeled using a pooled 
data set across irrigation levels (Figures 3-1 and 3-2). In 2017, irrigation affected soybean 
biomass at R3, R5 and R6 as a result, the logistic function was fitted separately for each 
irrigation level. Modeling efficiency and RMSE values indicate that soybean biomass 
accumulation over time was adequately described by equation 2. RMSE values ranged 
between 20.94 and 56.6 while EF values varied between 0.91 and 0.99 (Table 3-3 and 3-
4). In 2017 soybean maximum biomass accumulated was increased by irrigation in the 
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weed-free and the 2 weeds m-1 treatments (Figures 3-3, 3-4, 3-5, 3-6, 3-7, 3-8). Soybean 
Crop Growth Rate (CGR), represents an index of the productive efficiency of land area in 
producing plant biomass (Hunt 1990). Soybean CGR over the season is presented by 
Figures 3-2, 3-4, 3-6, and 3-8. In this study, soybean CGR was greatest for the weed-free 
treatment and decreased as weed density increased. Irrigation did not affect soybean CGR 
in 2016. Irrigation increased soybean CGR in the weed-free and the 2 weeds m-1 
treatments in 2017. The rate of change in dry biomass per unit ground area was small 
early in the season, increased with time to reach a peak and declined towards the end of 
the season. The same trend of soybean CGR was reported by Koller et al. (1970). 
Velvetleaf interference has also been reported to decrease tomato CGR (Ngouaijo et al. 
2001). Likewise, Jimsonweed decreased corn CGR (Cavero et al. 1999). Common 
cocklebur interference reduced soybean CGR (Mosier and Oliver 1995). Soybean CGR 
was reduced by tall morningglory (Oliver et al. 1976). At higher weed densities (6 and 12 
weeds m-1) irrigation had less impact on maximum biomass accumulated and CGR. This 
is consistent with previous research which state that in mixtures where weeds are taller 
than the crop competition is hardly affected by drought (Kropff et al. 1993). For example, 
competition for light was reported to be the driving factor that induced 30 to 48% 
soybean yield reduction when hemp sesbania grew taller than the crop and decreased its 
light interception by 29 to 68% (King and Purcell 1997). Velvetleaf reduced soybean 
yield because it grew taller, had a greater light interception ability and light use efficiency 
(Akey et al. 1990; 1991). In sugar beet-Chenopodium album competition for light and 
water, drought had little effect on the crop when the weed grew taller than the crop 
(Kropff et al. 1993). In mixtures, plant growth is determined by the amount of 
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photosynthetically active radiation absorbed by each species; this fraction of radiation 
absorbed depends on the leaf area index (LAI), plant height, vertical leaf area distribution 
and leaf angle distribution of each species (Lindquist and Mortensen 1999). Common 
ragweed can reach heights of up to 2 m (Clewis et al. 2001). For instance, in mixture with 
soybean common ragweed grew 38 cm taller than the crop 12 weeks after soybean 
emergence and intercepted 45% of the PAR (Coble et al. 1981). Waterhemp is known to 
have a rapid growth (Horak and Loughin 2000). Waterhemp plants emerging with 
soybean can reach heights of up to 2.2 m (Hartzler et al. 2004). In our study, both species 
positioned their leaves above the soybean canopy and might have absorbed a larger 
amount of solar radiation than soybean leaves. 
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Table 3-1. ANOVA table for soybean leaf area index in the field experiment conducted in 2016 and 2017 at the University of 
Nebraska Lincoln ARDC. 
 
LAI 
  R1 R3 R5 R6 
Density <.0001 <.0001 <.0001 <.0001 
Irrigation 0.9702 0.0208 0.0056 0.002 
Density*Irrigation 0.7895 <.0001 0.0001 0.0003 
Year <.0001 <.0001 <.0001 <.0001 
Density*Year 0.0247 <.0001 <.0001 0.0026 
Irrigation*Year 0.0843 <.0001 <.0001 <.0001 
Density*Irrigat*Year 0.6707 0.0003 0.034 <.0001 
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Table 3-2. The fraction of new biomass partitioned to the soybean stem (PCstem), leaf (PCleaf), reproductive organs 
(PCrepro) and petioles (PCpet) in the field experiment conducted in 2016 and 2017 at the University of Nebraska Lincoln 
ARDC. 
    R1 and R3 R3 and R5 
  
Weed density 
(plants per m)  2016 2017 2016 2017 
  0  0.37aA 0.32aB 0.30aA 0.18aB 
Pcstem  2  
0.45bA 0.40bB 0.33acA 0.24bB 
  6  
0.44bA 0.42bA 0.36bcA 0.25bB 
  12  0.51cA 0.42bB 0.36bA 0.29cB 
  0  0.28aA 0.32aB 0.09aA 0.13aB 
  2  0.20bA 0.25bB 0.014bA 0.054bB 
Pcleaf  6  0.19bA 0.21cB 0.003bA 0.05bB 
  12  0.11cA 0.21cB 0.01bA 0.02cA 
  0  0.09aA 0.10aB 0.56aA 0.60aA 
Pcrepro  2  0.09aA 0.11aB 0.58aA 0.65aA 
  6  0.09aA 0.10aB 0.60aA 0.57aA 
  12  0.097aA 0.10aA 0.60aA 0.66aA 
  0  0.26aA 0.26aA 0.077aA 0.085aA 
Pcpet  2  0.26aA 0.27acA 0.0773aA 0.061aA 
  6  0.28aA 0.31bcA 0.033aA 0.025aA 
  12  0.263aA 0.31bB 0.025aA 0.022aA 
Note. Different lower-case letters in the same column following the coefficient (for the same organ group) indicate differences 
between densities at 0.05. Different upper-case letters in the same row following the coefficient (for one sampling interval) 
indicate differences between years at 0.05.  
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Table 3-3. Estimated parameters (± S.E.) of model 2 for 2016 growing season model goodness of fit 
 Parameters EF RMSE 
 K (g m
-2) a r   
Weed-free 1165.5±29.7 55.3±8.05 0.004±0.0002 0.99 37.93 
Density 2 853.4±25.1 40.3±6.1 0.004±0.0002 0.98 30.87 
Density 6 584±14.9 50.2±14.2 0.005±0.0004 0.97 33.64 
Density 12 404.3±12.2 50.1±20.8 0.005±0.0006 0.93 33.74 
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Table 3-4. Estimated parameters (± S.E.) of model 2 for 2017 growing season and model goodness of fit 
 
  
Parameters EF RMSE 
 
Irrigation levels K (g m-2) a r 
  
Weed-free 
0% 
870.7±68.7 129.3±74.8 0.005±0.0008 0.96 43.89 
Density 2 638.3±44.0 77.5±26.8 0.005±0.0005 0.98 20.94 
Weed-free 
50% 
1110.9±59.5 135±51.2 0.006±0.0005 0.99 25.68 
Density 2 678.7±33.1 135±42.92 0.006±0.0005 0.98 22.45 
Weed-free 
100% 
1285.7±93.5 214.5±126 0.006±0.0008 0.97 56.6 
Density 2 757.8±31.8 213.8±86.5 0.006±0.0005 0.99 24.28 
Density 6 529.7±29.1 161.4±75.4 0.006±0.0006 0.91 38.7 
Density 12 435.6±24.0 120.1±43.6 0.005±0.0005 0.94 25.6 
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Figure 3-1. Soybean total biomass accumulation (Equation 2) as a function of time (growing degree days (GDD) after crop 
emergence for 2016. Each line represents the Logistic model fitted to the pooled data across irrigation levels. 
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Figure 3-2. Soybean Crop growth rates as a function of time (growing degree days (GDD) after crop emergence for 2016. 
Regression curve (Equation 2) was fitted to pooled dataset across irrigation levels. Irrigation levels did not influence Crop 
Growth rates in 2016. 
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Figure 3-3. Soybean total biomass accumulation (Equation 2) as a function of time (growing degree days (GDD) after crop 
emergence for rainfed soybean in 2017. For weed-free and weed density 2 the Logistic model fitted to the 0% irrigation data. 
For density 6 and 12, irrigation did not affect biomass at any sampling date; as a result, a pooled data set across irrigation 
levels was used for density 6 and 12. 
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Figure 3-4. Soybean Crop growth rates as a function of time (growing degree days (GDD) after crop emergence for rainfed 
soybean in 2017. For weed-free and weed density 2 the Logistic model fitted to the 0% irrigation data. For density 6 and 12, 
irrigation did not affect biomass at any sampling date; as a result, a pooled data set across irrigation levels was used for 
density 6 and 12. 
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Figure 3-5. Soybean total biomass accumulation (Equation 2) as a function of time (growing degree days (GDD) after crop 
emergence for 50% irrigation soybean in 2017. For weed-free and weed density 2 the Logistic model fitted to the 50% 
irrigation data. For density 6 and 12, irrigation did not affect biomass at any sampling date; as a result, a pooled data set 
across irrigation levels was used for density 6 and 12. 
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Figure 3-6. Soybean Crop growth rates as a function of time (growing degree days (GDD) after crop emergence for 50% 
irrigation soybean in 2017. Regression curves (Equation 2) was fitted to 50% irrigation soybean. For weed-free and weed 
density 2 the Logistic model fitted to the 50% irrigation data. For density 6 and 12, irrigation did not affect biomass at any 
sampling date; as a result, a pooled data set across irrigation levels was used for density 6 and 12. 
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Figure 3-7. Soybean total biomass accumulation (Equation 2) as a function of time (growing degree days (GDD) after crop 
emergence for 100% irrigation soybean in 2017. For weed-free and weed density 2 the Logistic model fitted to the 100% 
irrigation data. For density 6 and 12, irrigation did not affect biomass at any sampling date; as a result, a pooled data set 
across irrigation levels was used for density 6 and 12. 
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Figure 3-8. Soybean Crop growth rates as a function of time (growing degree days (GDD) after crop emergence for 100% 
irrigation soybean in 2017. Regression curves (Equation 2) was fitted to 100% irrigation soybean. For weed-free and weed 
density 2 the Logistic model fitted to the 100% irrigation data. For density 6 and 12, irrigation did not affect biomass at any 
sampling date; as a result, a pooled data set across irrigation levels was used for density 6 and 12. 
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Figure 3-9. Soybean specific leaf area (SLA) as a function of soybean growth stages in 2016 and 2017 
